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Abstract
The high price fluctuations in the stock market make an investment in this area
relatively risky. However, higher risk levels are associated with the possibility of
higher returns. Predicting models allows investors to avoid loss rate due to price
fluctuations. This study uses ANFIS (Adaptive Network-based Fuzzy Inference Sys-
tem) to predict the Jakarta Composite Index (JCI) return. Forecasting JCI movement
is considered to be the most influential predictor, consisting of Indonesia real inter-
est rate, real exchange rate, US real interest rate, and WTI crude oil price. The
results of this study point out that the best model to predict JCI return is the ANFIS
model with pi membership function. The predicting model shows that real ex-
change rate is the most influential factor to the JCI movement. This model is able to
predict the trend direction of the JCI movement with an accuracy of 83.33 percent.
This model also has better performance than the Vector Error Correction Model
(VECM) based on RMSE value. The ANFIS performance is relatively satisfactory to
allow investors to forecast the market direction. Thus, investors can immediately
take preventive action towards any potential for turmoil in the stock market.
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tion Model
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Abstrak
Tingginya tingkat fluktuasi harga di pasar saham menjadikan investasi di bidang ini cukup
berisiko. Akan tetapi, tingginya tingkat risiko tersebut sebanding dengan potensi return
yang dapat diperoleh. Penggunaan model peramalan dapat menjadi alternatif bagi investor
agar terhindar dari kerugian akibat fluktuasi harga. Penelitian ini mencoba mengkonstruksi
model peramalan return IHSG menggunakan pendekatan ANFIS. Indikator fundamental
yang dinilai paling berpengaruh terhadap pergerakan IHSG digunakan sebagai prediktor
untuk model peramal ini. Prediktor yang digunakan berupa data suku bunga riil Indone-
sia, kurs riil antara rupiah dan dolar AS, suku bunga riil AS, dan harga minyak dunia. Hasil
penelitian ini menunjukkan bahwa model terbaik untuk peramalan return IHSG adalah
model ANFIS dengan bentuk fungsi keanggotaan pi (pimf). Model peramalan yang dihasilkan
menunjukkan bahwa nilai tukar riil merupakan faktor yang paling berpengaruh terhadap
return IHSG. Model tersebut mampu memprediksi arah tren pergerakan IHSG dengan
akurasi sebesar 83,33 persen. Model ini memiliki kinerja peramalan yang lebih baik
dibanding Vector Error Correction Model (VECM) berdasarkan indikator RMSE. Hasil
ini cukup memuaskan dalam memberikan gambaran bagi investor kemana pasar akan
bergerak. Dengan demikian, investor bisa segara mengambil langka antisipasi ketika terdapat
potensi gejolak di pasar saham.
Kata Kunci: Adaptive Network-based Fuzzy Inference System; Indeks Harga Saham
Gabungan; ekonomi makro; pasar saham, VAR/ Vector Error Correc-
tion Model
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1. Introduction
As a nation with the largest emerging market in
Southeast Asia, Indonesia has a distinct value that at-
tracts investors to Indonesia. According to a survey
conducted by the United Nations Conference on Trade
and Development (UNCTAD), Indonesia was catego-
rized as one out of four nations with the most promis-
ing investment destination for 2017-2019 (UNCTAD,
2017). The influx of investment funds to Indonesia
through capital market attracts more investors than
through direct investment due to its better liquidity.
As historical data reveals an average growth of the
Jakarta Composite Index (JCI) for the last ten years
(2008-2017) was 13.1 percent. This value was beyond
an average inflation rate, which was equal to 5.4 per-
cent. Thus, it positioned Indonesia as a nation with
the second largest growing stock exchange in the world
after the Philippines.
However, JCI as a benchmark index in Indone-
sian stock market has a high level of volatility (Kartika,
2012), suggesting that not only investing in Indone-
sian stock market does provide an opportunity for large
profit but also carries risks. Both internal and external
factors can influence stock price movements in the
capital market (Divianto, 2013; Patar, Darminto, &
Saifi, 2014). Internal factors include corporate finan-
cial performance and internal company policies which
generally only affect the share price of the issuers.
Meanwhile, external factors include macroeconomic
conditions and energy commodity prices that affect
most of the issuers on the stock market (Krisna &
Wirawati, 2013; Raraga, Chabachib, & Muharam,
2013). Therefore, these factors are put into consider-
ation by many investors when measuring the poten-
tial return and risk of investment.
The high volatility in the Indonesia stock mar-
ket in 2008 and 2015 which was followed by both
domestic and foreign fluctuations in some macroeco-
nomic variables made some investors restless. The de-
cline of JCI was due to global financial crisis triggered
by the housing credit crisis in America as the property
sector being hit by high-interest rate of the US central
bank (The Fed), forcing The Fed to reduce its bench-
mark interest rate from 5.25 percent in June 2007 to
2.00 percent in June 2008.
In addition, the 2008 financial crisis also had
an impact on the world oil prices and Indonesian
Rupiah (IDR) exchange rate. The price of West Texas
Intermediate (WTI) crude fell from 140 dollars per
barrel in June 2008 to 44.60 dollars per barrel in De-
cember 2008. Consequently, the IDR exchange rate
went down especially in the second half of 2008 which
was the culmination of the financial crisis. This poor
condition was worsened by the high level of domestic
inflation, leading real interest rates fell within the nega-
tive range. The decline in the JCI in the year 2015 also
occurred along with both depreciation of IDR ex-
change rate and the issue of the Fed’s interest rate in-
crease. Understanding how macroeconomic variables
and global economic conditions indices influence the
movement of domestic stock market allow investors
and regulators to anticipate any possible turmoil in
the future domestic stock market. Therefore, the latest
research on the influence of macroeconomic variables
both domestically and abroad on the return of the JCI
is important for setting a benchmark for the Indone-
sian stock market index.
Some predicting models have been used to al-
low investors to forecast the future stock price move-
ments (Tung & Quek, 2011). These models, such as
moving averages, exponential smoothing, and
Autoregressive Moving Average (ARIMA), have been
quite successful in fulfilling this purpose (Anityaloka
& Ambarwati, 2013; Lilipaly, Hatidja, & Kekenusa,
2014; Muslim, 2018). However, these models have
some limitations as most of their variables, i.e., the
stock market index, come with non-linear relation-
ships, making impossible to predict stock market with
classical linear models (Yudong & Lenan, 2009). A
quality predicting model helps investors increase po-
tential profits on the stock market and avoid the risk
of losses. Therefore, stock market prediction remains
a fascinating topic to discuss even to these days.
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2. Hypotheses Development
Some computational techniques have been ex-
tensively used for non-linear prediction. The use of
artificial intelligence system such as an artificial neu-
ral network (ANN), fuzzy systems, and various artifi-
cial algorithms have been widely used in finance
(Atsalakis & Valavanis, 2009b). The models have been
quite successful in solving the problem regarding time-
series financial prediction.
Adaptive-network-based fuzzy inference system
(ANFIS) is one of the non-linear models combining
the superiority of each fuzzy logic and artificial neural
networks (Jang, 1993). This model uses a neural net-
work learning method to adjust parameters in the fuzzy
control system. Hence it can improve if-then rules on
fuzzy control system through a superior ability of com-
plex system behavior description (Jang, Sun, &
Mizutani, 1997). With a combination of each superi-
ority of the features, this predicting model is expected
to yield better results. This assumption is supported
by some previous studies that affirm satisfactory re-
sults for a model with a similar approach. One of these
studies was conducted by Boyacioglu & Avci (2010)
predicting Turkish stock market returns, the ISE Na-
tional 100 index. This study used ANFIS approach to
establish relationships among variables, e.g., gold
prices, exchange rates, interest rates, inflation, reduc-
tion index, treasury bill interest rates, and closing prices
of DJIA, DAX, and BOVESPA. The result of the study
indicated that an ability to predict the stock market
could be optimized with ANFIS. Its prediction accu-
racy was 98.3 percent for the ISE National 100 index.
Another study using ANFIS was conducted by
Atsalakis & Valavanis (2009a) to predict stock prices
on the NYSE and ASA. The result of the study indi-
cated that the ANFIS method gave a satisfactory re-
sult. The prediction was tested by the root mean square
error (RMSE), mean square error (MSE), and abso-
lute minimum error (MAE). The input of study was
stock data, i.e., daily data on day t and previous day
(t-1). The accuracy rate of prediction was 62.33 per-
cent.
Yunos, Shamsuddin, & Sallehuddin (2008) pre-
dicted daily movements of the Kuala Lumpur Com-
posite Index (KLCI) using ANFIS and ANN methods.
Some technical indicators were used as input variables
such as KLCI prices at time t and t-1, MA 5 days pe-
riod, RSI 14 days period, and stochastic indicators.
The results of this study showed that the ANFIS model
was more reliable in predicting KLCI than ANN.
Fahimifar et al. (2009) compare the performance
of non-linear model models with linear models to pre-
dict Iranian exchange rates against the US Dollar and
Euro. The non-linear models used ANFIS and ANN,
while the linear model used GARCH and ARIMA. The
result showed that non-linear models were better than
linear models. ANFIS was the best model for predic-
tion, followed by ANN, GARCH, and ARIMA.
Raoofi, Montazer-Hojjat, & Kiani (2016) pre-
dicted the stock market index of Tehran (Iran) by us-
ing several prediction methods, i.e., ANN, ANFIS,
fuzzy regression, and ARIMA. The input of study was
TEDPIX daily price on day t to t-9. The result showed
that the ANFIS method was able to provide the best
predicting results compared to the other three meth-
ods. These previous studies support the ANFIS model
as a reliable one to predict the stock market. In addi-
tion, the performance of the model depends on each
predictor. A majority of previous studies use technical
factors as predictors; yet, only a few studies use fun-
damental factors even though fundamental factors
mostly trigger a lot of turmoil in Indonesia stock mar-
ket.
Therefore, the ANFIS model is used in this study
to predict Indonesia stock market using macroeco-
nomic variables such as Indonesia’s real interest rates,
USD and IDR real exchange rates, the real American
interest rates, and world oil prices. An increase in in-
terest rate in a nation directly influences its capital
market. If interest rates increase, the capital market
tends to decrease (Ali, 2014; Amarasinghe, 2015). This
happens because the investors attempt to transfer some
of their funds to other types of investment. A study
conducted by Harsono & Worokinasih (2018) showed
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a similar conclusion as well, in which the interest rate
has a negative and significant effect on the JCI.
Exchange rate influences stock prices based on
company types. Exchange rate depreciation negatively
influences import-oriented companies’ stock prices,
whereas the exchange rate depreciation positively af-
fects to export-oriented companies’ stock prices. The
relationship of exchange rate changes with JCI de-
pends on the dominant group of impacts as well. Some
historical data shows that the decline of the JCI also
followed the weakening of IDR exchange rate in 2013
and 2015. This indicates a positive relationship be-
tween the decline of IDR exchange rate and the de-
cline of JCI. Some studies also point out both nega-
tive and significant influence of the exchange rate on
JCI (Krisna & Wirawati, 2013; Harsono & Worokinasih,
2018). In this case, the interest rates of The Fed have
an impact on the Indonesian capital market as well.
The increase in the Fed’s interest rate could lead to the
withdrawal of foreign funds from the Indonesian stock
market, causing turmoil on the JCI. A study by Miyanti
& Wiagustini (2018), shows that The Fed’s interest
rate has a positive and significant effect on the JCI.
Aside from being affected by the high-interest
rate of The Fed, JCI is influenced by world oil prices
since Indonesia is the oil importer & coal exporter
country that relies on world oil prices to determine
these commodity prices. For oil importing countries,
rising oil prices will have a negative impact on their
stock markets. Gumilang, Hidayat, & Endang (2014)
and Kowanda et al. (2015) states that oil prices have
both a negative and significant effect on the JCI. How-
ever, the decline in world oil prices in 2008 actually
lead the JCI to plunge at the lowest level of the year.
Hutapea, Margareth, & Tarigan (2014) identified the
effect of oil prices on the JCI during the period 2007-
2011, revealing that oil prices had a significant posi-
tive effect on the JCI.
3. Method, Data, and Analysis
ANFIS Architecture
ANFIS is an improved version of the fuzzy logic
model which has been taken into the next level with a
neural-network learning system that could transform
expert knowledge into some rules for non-linear rela-
tionships. The rule establishment takes a long time,
both in the selection of membership function and de-
termination of the weighting rules. The neural net-
work will improve the predicting model to be faster
and more accurate; leading to a better consistency with
long-term prediction than of classical economics models
with error rates come along with the extent of predic-
tion period. In addition, the learning technique al-
lows better consistency of long-term prediction com-
pared to classical economics models whose error rate
increases with the progress of the predicting period.
The design of the ANFIS model is presented in Figure
Figure 1. The architecture of the ANFIS Model
Constructing a predicting model for JCI return using adaptive network-based Fuzzy Inference System
Endy Jeri Suswono, Dedi Budiman Hakim, & Toni Bakhtiar
| 5 |
1, showing two inputs and one output in the struc-
ture of the model. The network consists of five layers
and uses two kinds of vertices, namely loop vertices
and square vertices. The loop node is also called a fixed
node because it has a fixed mathematical operation
and no parameter adjustment process. The box-shaped
knot is an adaptive node since no parameter adjust-
ment process in this stage.
Input variables consisting of x1 and x2 assigned
as Layer 1 into the membership function, namely A
i
and B
i
. The membership function can be explained
using various membership functions like the general-
ized-bell which is explained through the following
equation:
. Thus, the value of ݓഥ1 represent the normalized weight for the 1st
fuzzy rule. w1 and w2 are the weight of the first and
second node in a previous layer.
 Moreover, the output from Layer 3 will get into
Layer 4. The node in this layer is adaptive because there
are parameters that will be optimized through the
training process. The Layer 3 output will be multi-
plied by fi based on Takagi-Sugeno fuzzy inference sys-
tem. The variable f
i
 in the first order Takagi-Sugeno
model is a linear combination of input variable plus a
constant term, whereas in the zero order Takagi-Sugeno
model, variable fi is only a constant term. These pa-
rameters will be optimized in training process. Vari-
able fi also indicates the weights of each fuzzy rule be-
cause the output of each node in this layer will deter-
mine the output value of each node in the ANFIS
model altogether. This is because at Layer 5 there is
only one single node in the form of a sum operation.
Therefore, the output of Layer 5 can be explained
through the equation as follows:
ܣ1(ݔ1) = 11+ቚݔ1−ܿ1
ܽ1 ቚ2ܾ1           (1) 
A1 (x1) is the degree of membership input x1 on
A1  membership and as the output of Layer 1. Mean-
while a1, b1, and c1 are parameters for the membership
function A1 or also called premise parameters. These
parameters will be optimized through the training pro-
cess using the gradient descent method.
The output from Layer 1 will be connected with
a set of fuzzy rules that directly impacts up to Layer 4.
The node at Layer 2 is labeled 2 is labeled i. In this
layer, a multiplication operation is carried out between
the output of the node at Layer 1 resulting in the new
degree of membership represented by .. Thus, is ob-
tained through the following equation:
ݓ1 = ܣ1(ݔ1)ܤ1(ݔ2)             (2) 
 w1 is the output value of layer 2 for node 1. A1
(x1) is the degree of membership of the input  on mem-
bership A
1
 and B
1 
(x
2
) is the degree of membership in-
put x1 on membership of . The output of Layer 2 will
enter Layer 3. The node at Layer 3 is labeled Ni is the
normalization of the previous layer output node. Nor-
malization is performed by dividing the output of i
from Layer 2 with the total output of all nodes at
Layer 2. Layer 3 output is labeled l ݓഥ݅ . Thus, the value of s, the value
of . Thus, the value f ݓഥ1 is obtained through the following equation:
ݓഥ1 = ݓ1ݓ1+ݓ2              (3) 
^ݕ = ∑ ݓഥ1݅=1 ݂݅               (4)              
 ^ݕ = ∑ ݓഥ1݅=1 (݌݅ݔ1 + ݍ݅ݔ2 + ݅ݎ )          (5) 
^ݕ
^ݕ
 is the final output of the ANFIS system. fi, pi,
qi, and ri are parameters that will be optimized and
known as consequent parameters. The parameter op-
timization uses the least-squares estimator (LSE) which
is further explained by the following equation (Jang,
1993):
ܺ = (ܣܶܣ)−1ܣܶܤ             (6) 
X is the consequent parameter vector. A repre-
sents the Layer 3 output matrix. AT is the matrix trans-
pose of A. B as the actual data output vector.
ANFIS Model constructions
The design procedure of the model begins with
an initial stage of data collection consisting of input
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data and output data in the form of monthly time
series. Beforehand, the data are tested for stationarity.
The stationarity test is carried out using the Augmented
Dickey-Fuller (ADF) test. Stationary data at 5 percent
level will be used as a variable for the ANFIS model.
Moreover, the pair of input and output data is
divided into two parts. The first part is training data
for the period of January 2003 to December 2015.
The second part is testing data for the period of Janu-
ary 2016 to December 2017.
The data used in this study are monthly time
series about Indonesia’s real interest rates, the real ex-
change rates of IDR and USD, the real US interest rates,
world oil prices, and the JCI. The data is in the form
of natural logarithms (ln), except for data that is al-
ready in the form of percent such as interest rates. The
real interest rate is the interest rate minus the inflation
rate. Likewise, the real exchange rate is the nominal
exchange rate after being adjusted with inflation fac-
tors from each country. The Indonesian real interest
rate is The Bank of Indonesia interest rates minus In-
donesia inflation.
The data of Indonesia interest rates and the in-
flation rate are retrieved from www.bi.go.id. The data
about the calculation of US real interest rates are ob-
tained from The Fed’s interest rate (Federal Fund Rate,
FFR) minus the American inflation rate. The FFR data
was retrieved from fred.stlouisfed.org, while American
inflation data was obtained at www.bls.gov. The calcu-
lation of the real exchange rates of Indonesia and the
US (USDIDRR) refers to the nominal exchange rate of
the US dollar against rupiah. The nominal exchange
rate data is closing prices on the spot market which
retrieved from www.investing.com. The oil price data
refers to West Texas Intermediate (WTI) oil prices traded
on the New York Mercantile Exchange (NYMEX). WTI
price data is also retrieved from www.investing.com.
JCI data used in the form of monthly closing values are
retrieved from finance.yahoo.com.
The design of the model in this study was car-
ried out using the help of the Matlab 2018a applica-
tion. Pair of input and output data is prepared in the
form of a matrix with the first four columns as input
and last column as output. Fuzzy control systems are
generated using the grid partition method. Ahead of
the training process, number and shape of the input
membership function must be assigned,
This study uses two membership functions for
each input and each constant output function. There
are eight types of membership functions that can be
selected, including trimf (triangle), trapmf (trapezium),
gbellmf (generalized-bell), gaussmf (Gaussian),
gauss2mf (Gaussian combination), pimf (pi), dsigmf
(difference of two sigmoid), and psigmf (product of
two sigmoid). Each shape of the membership func-
tion will be tested on the zero order of the ANFIS
Takagi-Sugeno model for identifying the best model.
The training process uses a hybrid learning sys-
tem in which the output function parameters (conse-
quent parameters) will be optimized using the Least
Square Estimator (LSE) method. Whereas the input
function parameters (premise parameters) will be de-
termined using the gradient descent method. The train-
ing process will end when the smallest error value is
obtained. The error size is a root-mean-squared error
(RMSE). The RMSE value is obtained through the
following equation:
ܴܯܵܧ = ට∑ (^ݕ݉−ݕ݉ )2݊݉=1
݊
           (7) 
n is the number of data sets from the test data.
^݉ݕ  indicates the predicted value on the data point m.
is the actual value on the data point m.
Following a complete training process, the model
is tested to see how it works. This testing process also
uses a data pair consisting of pairs of input and out-
put, except that at this stage there is no parameter
adjustment process like in the training stage. Output
data on the test data will be compared with the out-
put of the model. The size used at the testing stage is
also based on the RMSE value. The smaller the RMSE
value, the better the interpretation of the model. This
process can be done simultaneously with the training
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process. After selecting the model, the performance of
the model will be evaluated by comparing with the
conventional econometric model, the Vector Error
Correction Model (VECM). It is one of the forecast-
ing models that fit the research design so that it can be
used as a comparison to evaluate the performance of
ANFIS forecasting models. The performance indica-
tors based on RMSE value and the accuracy in terms
of trend predictions of the JCI. The accuracy calcula-
tion method is explained through the following equa-
tion (Ahmad et al., 2015):
ܣܿܿݑݎܽܿݕ = ܥ݋ݎݎ݁ܿݐ  ݎ݁ݏݑ݈ݐ
ܰݑܾ݉݁ݎ  ݋݂  ܽݐݐ݁݉݌ݐ × 100%        (8) 
ܥ݋ݎݎ݁ܿݐ  ݎ݁ݏݑ݈ݐ
ܰݑܾ݉݁ݎ  ݋݂  ܽݐݐ݁݉݌ݐ is a trend in the model interpre-tations that is equivalent with the actual trend.ܥ݋ݎݎ݁ܿݐ  ݎ݁ݏݑ݈ݐ
ܰݑܾ݉݁ݎ  ݋݂  ܽݐݐ݁݉݌ݐ  indicates total number of attempts
used in the test.
4. Results
Stationarity test was performed using the ADF
test to compare the ADF statistical values with
MacKinnon Critical Value. If the statistical value is
smaller than the value of MacKinnon Critical Value,
then the data is stationary. Conversely, if the ADF statis-
tical value is greater than the value of the MacKinnon
Critical Value, the data is non-stationary. The results
of stationarity tests are presented in Table 1.
Based on the results, SBRID is stationary at the
level of five percent and the rest are not stationary.
Other variables are stationary at first difference with a
real level of five percent. Thus, the variables used for
ANFIS model include JCI return as an output variable
and Indonesian Real Interest Rate as an input vari-
able, changes in the real exchange rate (DSBRUS),
Variable 
Level 
Remark 
First Difference 
Remark 
t-stat. 
Critical Value 
(5%) 
t-stat. 
Critical Value (5%) 
lnIHSG -2.8476 -3.4353 Not stationary -10.6829 -3.4353 Stationary 
SBRID -3.7391 -3.4351 Stationary - - - 
lnUSDIDRR -0.5229 -2.8776 Not stationary -11.1007 -2.8778 Stationary 
SBRUS -3.3350 -3.4353 Not stationary -8.9876 -3.4353 Stationary 
lnWTI -2.2075 -3.4353 Not stationary -10.5672 -3.4353 Stationary 
 
Table 1. Data Stationarity Test Results
Varibles Unit Annotation 
SBRID % ܵܤܴܫܦ = ܤܫ ݎܽݐ݁ − ܫ݊݀݋݊݁ݏ݅ܽ ݂݈݅݊ܽݐ݅݋݊ ݎܽݐ݁ 
DlnUSDIDRR - 
Dlnܷܵܦܫܦܴܴ = lnܷܵܦܫܦܴܴݐ − lnܷܵܦܫܦܴܴݐ−1 lnܷܵܦܫܦܴܴݐ= USDIDR real exchange rate on period t (ln) lnܷܵܦܫܦܴܴݐ−1= USDIDR real exchange rate on period t-1 (ln) 
DSBRUS % 
Dܵܤܴܷܵ = Dܵܤܴܷܵݐ − Dܵܤܴܷܵݐ−1 Dܵܤܴܷ ܵݐ= US real interest rate on period t (%) Dܵܤܴܷ ܵݐ−1= US real interest rate on period t-1 (%) 
 
DlnWTI - 
Dlnܹܶܫ = lnܹܶܫݐ − lnܹܶܫݐ−1 lnܹܶܫݐ= WTI oil price on period t (ln) lnܹܶܫݐ−1= WTI oil price on period t-1 (ln) 
DlnIHSG - 
Dlnܫܪܵܩ = lnܫܪܵܩݐ − lnܫܪܵܩݐ−1  lnܫܪܵܩݐ  = JCI closing price on period t (ln) lnܫܪܵܩݐ−1 = JCI closing price on period t-1 (ln) 
 
Table 2. Explanation of Variables for ANFIS Models
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changes in US real interest rates (DSBRUS), and changes
world oil price (DlnWTI). An explanation of variables
in the ANFIS model is presented in Table 2.
There are 179 pairs of data used in this model-
ing procedure. 155 of the data pairs are used as train-
ing data from February 2003 to December 2015. The
remaining are 24 pairs of test data from January 2016
to December 2017. Training data is used as a basis for
model formation because the parameters in the model
are obtained based on the training data. The model
obtained from the training process is further tested
using a new pair of data (test data) by comparing the
results of the measurement model with its actual value.
The testing stage is used to determine whether the
model is reliable enough to predict the future or only
good in its establishment.
The construction of the predicting model in this
study is presented in Figure 2. The model uses four
inputs consisting of Indonesian real interest rate
(SBRID), changes in the real USD & IDR exchange
rate (DlnUSDIDRR), changes in US real interest rates
(DSBRUS), and changes in WTI oil prices (DlnWTI).
Each input is then arranged into two memberships,
namely Li and Hi.
L
i
 indicates low and H
i
 indicates high. Assign-
ment of membership functions is based on the results
of training and testing data. The results of training
and testing models are presented in Table 3. Based on
the results, the selected model is one with a pi-shaped
membership function. The pi-shaped membership func-
tion is explained by the following equation:
Figure 2. ANFIS Prediction Model for JCI Return
݂(ݔ;ܽ, ܾ, ܿ,݀) =
⎩
⎪
⎪
⎪
⎪
⎨
⎪
⎪
⎪
⎪
⎧
0, ݔ ≤ ܽ2 ቀݔ − ܽ
ܾ − ܽ
ቁ
2 ,ܽ ≤ ݔ ≤ ܽ + ܾ21 − 2 ൬ݔ − ܾ
ܾ − ܽ
൰
2 ,ܽ + ܾ2 ≤ ݔ ≤ ܾ1,ܾ ≤ ݔ ≤ ܿ1 − 2ቀݔ − ܿ
݀ − ܿ
ቁ
2 , ܿ ≤ ݔ ≤ ܿ + ݀22 ൬ݔ − ݀
݀ − ܿ
൰
2 , ܿ + ݀2 ≤ ݔ ≤ ݀0, ݔ ≥ ݀.
 
The function f(x) is a membership degree of in-
put x, where is the input value. a, b, c, and d are pa-
rameters that will be optimized through the training
process. The parameter value of the ANFIS model in-
put membership function in the form of pi after the
training process is presented in Table 4. The grouping
of input variables with membership functions is then
illustrated in Figure 3.
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Input Membership 
Function 
Number of Input  
Membership Function Output function 
RMSE 
Training 
RMSE 
Testing 
RMSE 
Total 
Triangle 2 Constant 0.0437 0.0303 0.0741 
Trapezoid 2 Constant 0.0422 0.0295 0.0718 
Generalized-bell 2 Constant 0.0431 0.0297 0.0727 
Gaussian  2 Constant 0.0431 0.0302 0.0734 
Gaussian Combination 2 Constant 0.0426 0.0285 0.0712 
pi 2 Constant 0.0428 0.0281 0.0709 
Difference of two sigmoid 2 Constant 0.0433 0.0296 0.0729 
Product of two sigmoid 2 Constant 0.0433 0.0296 0.0729 
 
Table 3. ANFIS Model Performance with Various Input Functions
Input Range Membership Function 
Parameter of The pi-shaped Membership Function 
From To ࢇ ࢈ ࢉ ࢊ 
SBRID -6.9300 4.9800 ܮ1 -15.2670 -10.5030 -3.3596 1.4063 
ܪ1 -3.3599 1.4040 8.5530 13.3170 
DlnUSDIDRR -0.0994 0.1384 ܮ2 -0.2658 -0.1707 0.0201 0.1370 
ܪ2 -0.1052 0.0982 0.2097 0.3049 
DSBRUS -2.0000 2.0200 ܮ3 -4.8140 -3.2060 -0.7802 0.8317 
ܪ3 -0.7917 0.8235 3.2260 4.8340 
DLnWTI -0.3948 0.2602 ܮ4 -0.8533 -0.5913 -0.2457 -0.0552 
ܪ4 -0.1773 0.0323 0.4567 0.7187 
 
Table 4. The parameter of the pi-shaped Membership Function after the Training Process
Figure 3. Graph of Pimf Membership Functions as Input Variable
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The construction of the model in Figure 1 shows
that there are 16 fuzzy rules and fi as output param-
eters. The constant in the output function is the weight
of each fuzzy rule which is also known as the conse-
quent parameter. Information about fuzzy rules and
their consequent parameters are explained further in
Table 5.
The weight of the fuzzy rule also describes how
JCI response to various macroeconomic conditions
which alert any potentials of fluctuation in JCI within
the short term, based on the weight of the largest and
smallest fuzzy rules. The condition that provides the
most positive response is the 1st fuzzy rule, i.e., the
low Indonesian real interest rates (< 3 percent), low
changes in the real USDIDR exchange rate (< 0.03),
low changes in US interest rates (< -0.9), and low
changes in WTI oil prices (< -0.2).
Meanwhile, conditions that give the greatest
negative response are the 5th fuzzy rules such as
Indonesia’s low real interest rates (< 3 percent), high
changes in the real USDIDR exchange rate (> 0.1),
low changes in US interest rates (< -0.9), and low
changes in WTI oil prices are low (< -0.2). This model
shows that the real exchange rate variable (USDIDR)
has the greatest influence on the JCI compared to the
other three macroeconomic variables.
Based on the result of model testing on the re-
turn JCI using new data pairs, it shows that the ANFIS
model can predict the trend direction of the stock
market with an accuracy of 83.33 percent. It is better
than the VECM model which the accuracy is 62.50
percent. The error value of model testing based on the
RMSE indicator is 0.0281 for ANFIS model and
0.0302 for VECM model. This value, when compared
with a range of return JCI, has a ratio of 23.95 per-
cent for ANFIS model and 25.72 percent for VECM
model. The results show that the ANFIS model has
better predicting performance than the VECM model.
The description related to the results of predicting
model with the actual values is shown in Figure 4.
5. Discussion
Since predicting stock market movement involves
many factors, it becomes difficult to forecast the move-
ment of the stock market. However, the development
of predicting model in stock market remains an inter-
esting topic to discuss because it helps investors to earn
large profits or to avoid any potential losses. The de-
velopment of computing technology is very helpful in
the development of predicting model. ANFIS is one of
predicting model that has been used in the applica-
tion of Matlab 2018a for easier and faster one.
Fuzzy 
Rules 
If Then 
SBRID DLnUSDIDRR DSBRUS DLnWTI ࢌ࢏ 
1 ࡸ૚ ࡸ૛ ࡸ૜ ࡸ૝ ࢌ૚ = 1.0928763 
2 ܮ1 ܮ2 ܮ3 ܪ4 2݂ = 0.1379691 
3 ܮ1 ܮ2 ܪ3 ܮ4 3݂ = -0.1401459 
4 ܮ1 ܮ2 ܪ3 ܪ4 4݂ = 0.0619532 
5 ࡸ૚ ࡴ૛ ࡸ૜ ࡸ૝ ࢌ૞ = -2.9030096 
6 ܮ1 ܪ2 ܮ3 ܪ4 6݂ = -0.352655 
7 ܮ1 ܪ2 ܪ3 ܮ4 7݂ = 0.1489417 
8 ܮ1 ܪ2 ܪ3 ܪ4 8݂ = -0.0269156 
9 ܪ1 ܮ2 ܮ3 ܮ4 9݂ = -0.0354907 
10 ܪ1 ܮ2 ܮ3 ܪ4 1݂0  = 0.1145944 
11 ܪ1 ܮ2 ܪ3 ܮ4 1݂1  = 0.2837406 
12 ܪ1 ܮ2 ܪ3 ܪ4 1݂2  = 0.1454687 
13 ܪ1 ܪ2 ܮ3 ܮ4 1݂3  = 0.0653719 
14 ܪ1 ܪ2 ܮ3 ܪ4 1݂4  = -0.1413917 
15 ܪ1 ܪ2 ܪ3 ܮ4 1݂5  = -0.5663963 
16 ܪ1 ܪ2 ܪ3 ܪ4 1݂6  = -0.1833086 
 
Table 5. Fuzzy Rules
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 The rule if-then in ANFIS model gives a differ-
ent response on the change of JCI return due to some
changes in macroeconomic conditions. Fuzzy rules with
the largest and smallest weight indicate the most vul-
nerable conditions which predict turmoil in JCI. This
condition happens when Indonesia’s real interest rates
are low, and both world oil prices and American real
interest rates have low changes. In these conditions,
change of real exchange rate of USD against IDR de-
termines whether the turmoil has positive or negative
impacts. If the change in the real exchange rate is low,
then the turmoil has a positive impact on JCI. Con-
versely, if the change in the real exchange rate is high,
the turmoil will have a negative impact on JCI with
the larger scale of impact compared to low change
real exchange rate. This indicates that the real exchange
rate is the main factor that has more potential in trig-
gering stock market turmoil, compared to the other
three macroeconomic variables.
 The results of this study indicate that the sta-
bility of IDR exchange rate is very sensitive toward
the JCI movement. As a regulator, The Bank of Indo-
nesia should be able to maintain the stability of IDR
exchange rate to reduce the potential turmoil in the
domestic stock market. The capital market players
should keep up-date of the development of macro-
economics, especially those of exchange rates such as
the benchmark of interest rates and world oil prices. If
there is potential turmoil in the exchange rate such as
planning to increase The Fed’s interest rates, the short-
term investors must refrain from entering the stock
market or relocating investment portfolio to other safer
instruments.
 The model evaluation showed that ANFIS has
better performance than VECM with RMSE value at
0.0281. This result is not as good as the results of the
modeling conducted by Boyacioglu and Avci (2010)
which took the case on the Turkish stock exchange.
The study obtained an ANFIS forecasting model with
the RMSE value of 0.0068. This discrepancy could be
caused by several things such as differences in market
characteristics and input variables used. However, this
result reinforces the statement that non-linear models
have better forecasting performance than linear mod-
els as done by Fahimifar et al. (2009) and Raoofi et
al. (2016).
The performance of the predicting model is quite
good to predict the future direction of JCI with an
accuracy of 83.33 percent. The model can be an alter-
nate model for predicting the direction of market
movement. However, the use of this model as a bench-
mark to determine the price target is still very limited
because the RMSE value of normalization is still quite
high at 23.95 percent. The smaller the normalization
value of RMSE, the better the predicting model cre-
ated.
Figure 4. ANFIS and VECM Forecasting Results
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6. Conclusion, Limitations, and Suggestions
Conclusion
The forecasting model for JCI return that ob-
tained from this research is the ANFIS model that ap-
plies pi-shaped membership function. The model has
better predicting performance than VECM and able
to describe the direct effect of changes in macroeco-
nomic factors of the JCI. The predicting model shows
changes in real exchange rate highly impact on JCI
return compared to the other three variables. This in-
dicates that the JCI movement was very sensitive to
the stability of the exchange rate. The Bank of Indo-
nesia, as a regulator, should maintain the stability of
the Indonesian exchange rate. The investors should
keep up with the information of the latest macroeco-
nomic conditions, mainly related to exchange rates in
order to anticipate stock market turmoil.
Limitations and suggestions
The ANFIS predicting model is good enough in
predicting the market movement. The model obtained
able to predict JCI return trend with accuracy at 83.33
percent. Although the performance is better than VECM,
it has some limitation that refrains its use as a bench-
mark to determine price target due to its relatively high
error value. Therefore, the use of other non-linear pre-
dicting models opens any possibilities for further devel-
opment of the more advanced model in this field.
References
Ahmad, I., Hermadi, I., & Arkeman, Y. (2015). Financial feasibility study of waste cooking oil utilization for biodiesel
production using ANFIS. TELKOMNIKA Indonesian Journal of Electrical Engineering, 13(3), 546–554. http://dx.doi.org/
10.11591/telkomnika.v13i3.7122
Ali, H. (2014). Impact of interest rate on stock market: Evidence from Pakistani Market. IOSR Journal of Business and
Management, 16(1), 64–69. https://doi.org/10.9790/487x-16176469
Amarasinghe, A. (2015). Dynamic relationship between interest rate and stock price: Empirical Evidence from Colombo
Stock Exchange. International Journal of Business and Social Science, 6(4), 92–97.
Anityaloka, R. N., & Ambarwati, A. N. (2013). Peramalan saham Jakarta Islamic Index menggunakan metode ARIMA
bulan Mei-Juli 2010. Statistika, 1(1), 1–5.
Atsalakis, G. S., & Valavanis, K. P. (2009a). Forecasting stock market short-term trends using a neuro-fuzzy based method-
ology. Expert Systems with Applications, 36(7), 10696–10707. https://doi.org/10.1016/j.eswa.2009.02.043
Atsalakis, G. S., & Valavanis, K. P. (2009b). Surveying stock market forecasting techniques – part II: Soft computing
methods. Expert Systems with Applications, 36(3), 5932–5941. https://doi.org/10.1016/j.eswa.2008.07.006
Boyacioglu, M. A., & Avci, D. (2010). An adaptive-network-based fuzzy inference system (ANFIS) for the prediction of
stock market return: The case of the Istanbul stock exchange. Expert Systems with Applications, 37, 7908–7912.
https://doi.org/10.1016/j.eswa.2010.04.045
Divianto. (2013). Analisis pengaruh tingkat inflasi, tingkat suku bunga SBI, dan nilai kurs Dollar AS (USD) terhadap Indeks
Harga Saham Gabungan (IHSG) di Bursa Efek Indonesia. Jurnal Ekonomi dan Informasi Akuntansi, 3(2), 165–198.
Fahimifar, S. M., Homayounif, M., Sabouhi, M., & Moghaddamn, A. R. (2009). Comparison of ANFIS, ANN, GARCH,
and ARIMA techniques to exchange rate forecasting. Journal of Applied Sciences, 9(20), 3641–3651. https://doi.org/
10.3923/jas.2009.3641.3651
Faraga, F., Chabachib, M., & Muharam, H. (2013). Analisis pengaruh harga minyak dan harga emas terhadap hubungan
timbal-balik kurs dan Indeks Harga Saham Gabungan (IHSG) di Bursa Efek Indonesia (BEI) 2000-2013. Jurnal Bisnis
Strategi, 21(1), 72–94. https://doi.org/10.14710/jbs.21.1.72-94
Gumilang, R., Hidayat, R., & Endang, N. (2014). Pengaruh variabel makroekonomi, harga emas, dan harga minyak dunia
terhadap Indeks Harga Saham Gabungan. Jurnal Administrasi Bisnis, 14(2), 1–9. Retrieved from: http://
administrasibisnis.studentjournal.ub.ac.id/index.php/jab/article/view/586
Constructing a predicting model for JCI return using adaptive network-based Fuzzy Inference System
Endy Jeri Suswono, Dedi Budiman Hakim, & Toni Bakhtiar
| 13 |
Harsono, A., & Worokinasih, S. (2018). Pengaruh inflasi, suku bunga, dan nilai tukar rupiah terhadap Indeks Harga Saham
Gabungan. Jurnal Administrasi Bisnis, 60(2), 102–110. Retrieved from: http://administrasibisnis.studentjournal.ub.ac.id/
index.php/jab/article/view/2512
Hutapea, G., Margareth, E., & Tarigan, L. (2014). Analisis pengaruh kurs USD/IDR, harga minyak, dan harga emas
terhadap return saham. Jurnal Ilmiah Buletin Ekonomi, 18(2), 23–33. Retrieved from: http://ejournal.uki.ac.id/
index.php/beuki/article/view/300/213
Jang, J. (1993). ANFIS: Adaptive-network-based fuzzy inference systems. IEEE Transactions on Systems, Man, and Cybernet-
ics, 23(3), 665–685.
Jang, J., Sun, C., & Mizutani, E. (1997). Neuro-Fuzzy and Soft Computing, A Computational Approach to Learning and
Machine Intelligence. New York: Prentice-Hall International, Inc.
Kartika, T. (2012). Perilaku dinamis volatilitas pasar saham Indonesia. Dissertation. Post-Graduate Programme Institut
Pertanian Bogor.
Kowanda, D., Binastuti, S., Pasaribu, R., & Ellim, M. (2015). Pengaruh bursa saham global, ASEAN, dan harga komoditas
terhadap Indeks Harga Saham Gabungan, dan nilai tukar EUR/USD. Jurnal Akuntansi dan Manajemen, 25(2), 79–88.
Krisna, A., & Wirawati, N. (2013). Pengaruh inflasi, nilai tukar rupiah, dan suku bunga SBI pada Indek Harga Saham
Gabungan di BEI. E-Jurnal Akuntansi Universitas Udayana, 3(2), 421–435.
Lilipaly, G. S., Hatidja, D., & Kekenusa, J. S. (2014). Prediksi harga saham PT. BRI menggunakan metode ARIMA
(Autoregressive Integrated Moving Average). Jurnal Ilmiah Sains, 14(2), 60–67. Retrieved from: https://
ejournal.unsrat.ac.id/index.php/JIS/article/view/5927
Miyanti, G., & Wiagustini, L. (2018). Pengaruh suku bunga The Fed, harga minyak, dan inflasi terhadap Indeks Harga
Saham Gabungan (IHSG) di Bursa Efek Indonesia. E-Jurnal Ekonomi dan Bisnis Universitas Udayana, 7(5), 1261–
1288.
Muslim, A. (2018). Peramalan ekspor dengan hibrida ARIMA-ANFIS. Kajian Ekonomi & Keuangan, 1(2), 127–142. Re-
trieved from: http://www.fiskal.kemenkeu.go.id/ojs_bkf/index.php/kek/article/view/282
Patar, A., Darminto, & Saifi, M. (2014). Faktor internal dan ekternal yang mempengaruhi pergerakan harga saham. Jurnal
Administrasi Bisnis, 11(1), 1–9.
Raoofi, A., Montazer-Hojjat, A. H., & Kiani, P. (2016). Comparison of several combined methods for forecasting Tehran
stock exchange index. International Journal of Business Forecasting and Marketing Intelligence, 2(4), 315. https://
doi.org/10.1504/ijbfmi.2016.080128
Tung, W. L., & Quek, C. (2011). Financial volatility trading using a self-organizing neural-fuzzy semantic network and
option straddle-based approach. Expert Systems with Applications, 38(5), 4668–4688. https://doi.org/10.1016/
j.eswa.2010.07.116
United Nations Conference on Trade and Development. (2017). World Investment Report 2017. Geneva: UNCTAD.
Yudong, Z., & Lenan, W. (2009). Stock market prediction of S&P 500 via a combination of improved BCO approach and
BP neural network. Expert Systems with Applications, 36(5), 8849–8854. https://doi.org/10.1016/j.eswa.2008.11.028
Yunos, Z. M., Shamsuddin, S. M., & Sallehuddin, R. (2008). Data modeling for Kuala Lumpur Composite Index with
ANFIS. Proceedings - 2nd Asia International Conference on Modelling and Simulation, 609–614. http://dx.doi.org/
10.1109/AMS.2008.56
